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Abstract: Stable isotopes of O and H in water are meaningful indicators of hydrological and ecological
patterns and processes. The Global Network of Isotopes in Precipitation (GNIP) and the Global
Network of Isotopes in Rivers (GNIR) are the two most important global databases of isotopes
in precipitation and rivers. While the data of GNIP is almost globally distributed, GNIR has an
incomplete spatial coverage, which hinders the utilization of river isotopes to study global hydrological
cycle. To fill this knowledge gap, this study supplements GNIR and provides a river isotope database
with global-coverage by the meta-analysis method, i.e., collecting 17015 additional data points from
215 published articles. Based on the newly compiled database, we find that (1) the relationship
between δ18O and δ2H in river waters exhibits an asymmetric imbricate feature, and bifurcation can
be observed in Africa and North America, indicating the effect of evaporation on isotopes; (2) multiple
regression analysis with geographical factors indicates that spatial patterns of river isotopes are quite
different across regions; (3) multiple regression with geographical and meteorological factors can well
predict the river isotopes, which provides regional regression models with r2 of 0.50 to 0.89, and the
best predictors in different regions are different. This work presents a global map of river isotopes
and establishes a benchmark for further research on isotopes in rivers.
Keywords: isotopes; river isotopes; GNIR; meta-analysis
1. Introduction
Stable isotopes in water (δ2H and δ18O) have been regarded as a powerful tool for investigating
water source, flow paths and transit times [1] and solving large-scale water cycle problems [2].
Isotopic composition of water is affected by several environmental factors [3,4] and changes with
multiple ecological and hydrological processes [5–7]. With growing interest in stable isotopes in water,
many phenomena have been discovered which are usually difficult if not impossible to discern with
conventional methods. For example, isotope data in rain, snow and streamflow from 254 watersheds
indicated that a substantial proportion of global streamflow is younger than three months [8]. Based
on the isotopes in 83 large lakes around the world, it was found that the terrestrial water fluxes are
dominated by transpiration [9]. Also, isotopic data in plant xylem water, soil water, stream water,
groundwater and precipitation water from 47 globally distributed sites were used to demonstrate that
eco-hydrological separation is widespread across different biomes [10], which has been highlighted in
many recent experimental or model studies (e.g., the work of measuring and modeling stable isotopes
in mobile and bulk soil water conducted by Sprenger et al. [11]). providing a support for the “two water
worlds” hypothesis [12]. These studies provide essentially new insights and evoke new questions for
hydrological process understanding.
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The spatial patterns of stable isotopes in different types of waters are fundamental for many
isotopic studies and have been investigated by many researchers. Kendall and Coplen compiled a
detailed map of stable isotopes in river water in the USA, and proposed river samples as proxies
for average rain and recharge compositions [13]. Liu et al. (2014) presented the spatial pattern
and seasonal variations in precipitation isotopes, and analyzed the correlations between isotopes
and environmental variables based on the Chinese Network of Isotopes in Precipitation (CHNIP)
dataset [14]. Zhao et al. (2017) provided the report of tap water isotopic composition over China based
on a nation-wide volunteer network [15]. Such studies about water isotopes over large spatial scales
not only help reveal the regional climatic and hydrologic features, but also provide a fundamental
framework for local case studies [16].
The Global Network of Isotopes in Precipitation (GNIP) and the Global Network of Isotopes in
Rivers (GNIR), which are the largest databases for monitoring isotopic compositions in precipitation
and rivers, were launched in 1961 and 2007, respectively [17]. The Stable Water Vapor Isotope Database
(SWVID) has been also developed recently for archiving high-frequency vapor isotope data collected
with instruments based on infrared isotopic spectroscopy [18]. These databases present a relatively
comprehensive pattern of isotopic compositions, and the large volume of data is helpful for achieving
concrete conclusions. For example, GNIP and GNIR are the main data sources of the above mentioned
research streamflow age conducted by Jasechko et al. [8].
However, while the data of GNIP is almost globally distributed, GNIR has a quite incomplete
spatial coverage, with no or little data in many regions (Figure 1). As shown in Figure 1b, GNIR
data are mainly distributed across the USA, Central Europe, South Central Asia, as well as several
major rivers such as the Yangtze River in China, the Amazon River mainly located in Brazil and
the Murray River in Australia. The incomplete spatial coverage of GNIR eventually also leads to
a mismatch with GNIP in terms of data range, with only a few stream water δ18O values lower
than −20% in GNIR in comparison to GNIP with plenty of δ18O values in the range of −40% to
−20% [17,19]. This causes a spatial limitation on some global isotopic studies, e.g., the estimation of
river age conducted by Jasechko et al. [8] only comprises roughly 20% of the globe’s ice-free land area.
Besides, it is found that globally fitted isoscapes of precipitation may have low accuracy and relevance
when downscaled to regional levels [20]. This problem can be more serious for river water due to the
data sparseness. Therefore, GNIR has obvious limitations in spatial coverage despite the fact that it is
the most wide-spread available database of river water isotopes. Given the importance of high-quality
big data for global scale studies, there is an urgent need for an improvement of the GNIR database.
Global map of stable isotopes in water is required for many hydrological, ecological and
climatological applications. Bowen and Revenaugh [21] tested four interpolating methods and created a
global map of interpolated isotopes in precipitation, and was applied to wildlife forensics [22]. Terzer et
al. [23] produced an improved global prediction for isotopes in precipitation using regionalized climatic
regression models, which is available from the IAEA website as Regionalized Climatic Water Isotope
Prediction (RCWIP). Similar attempt was also conducted on isotopes in river water. Dutton et al. [24]
generated a map of isotopes in river water across the conterminous USA using latitude and elevation
as primary predictors. Bowen et al. [25] developed a geographic information system-based model to
predict the river water isotopes in the contiguous United States. However, these works upon isotopes
in river water were limited in regional scale because of the poor spatial coverage of available data.
A meta-analysis is a promising avenue in this respect. Actually, many water isotopic observations
have been conducted in areas where no or few GNIR stations exist, such as the Nile [26], Western
Europe [27] and the Tibetan Plateau [28]. Isotopic related studies have been also conducted in some
hydrologically important regions, such as transboundary rivers [29], high mountainous regions [24]
and high latitude regions [30]. Isotopic data in rivers can be found in these studies, thereby offering
the potential for supplementing the GNIR database. In this study, we aim to present a wider-spread
database with meta-analysis data extracted from published studies, and analyze the spatial pattern of
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isotopic compositions in rivers on the basis of the extended database. A global map of river isotopes is
generated as the benchmark for further researches on isotopic hydrology.
Figure 1. Distribution of data in GNIP (a) and GNIR (b) databases.
Water 2019, 11, 1760 4 of 24
2. Data and Methodology
2.1. The GNIR Database
The GNIR is an online database launched in 2007 by the International Atomic Energy Agency
(IAEA), complementary to the 45 years old GNIP database. Participation in GNIR is voluntary and
stations are operated by hydrological services within the framework of national basin-scale observation
networks, or by water research institutions and individual researchers, and even private citizens [19].
Three types of data are included in GNIR [31]: data from regularly monitored river stations with
a sampling interval, instantaneous spatial profile-longitudinal surveys, and remaining ad-hoc data
from previous IAEA Coordinated Research Projects and other scientific studies worldwide. GNIR
data and statistics can be obtained free of charge from the Water Isotope System for Data Analysis,
Visualization and Electronic Retrieval (WISER). Each of the GNIR data is comprised of four parts:
river basin, sampling site, isotopic data at sampling site and other data such as river discharge and
electrical conductivity. For more information of GNIR, the reader is referred to the IAEA website
(https://nucleus.iaea.org/wiser).
2.2. Extension of GNIR Based on Literature Resources
Here, we propose to extend the GNIR database via a meta-analysis based on more than 1000
published papers extracted from Web-of-Science with the search keywords “isotope”, “hydrology”
and “river” as of March 2017. We retained a subset of 215 papers providing isotopic data suited for
our subsequent analysis (a full list of the 215 papers can be found in the Supplementary Materials).
These papers were published between 2004 and 2017. We noted a steep rise in publications between
2014 and 2016, showing the recent rise in interest and research made in this field (Figure S1). The
215 papers were mostly taken from top journals, which ensured the quality of the data (Figure S2).
In all of these papers, isotopic data were reported in text, table, figure, and the type of water was
indicated. To extend the GNIR database, we only selected the data which were corresponding to the
water body type of “river”, “stream” or “surface water”, excluding some other common types such as
“spring”, “lake” or “precipitation”. Original data records were preferred and surely collected in the
database. Meanwhile, only statistical indices, such as mean, maximum and minimum values were
available for a large portion of data (~7%). These indices were also helpful to understand the spatial
pattern and build a global map, so they were collected into the database as well, with a note at the data
record to explain the meaning of the indices. We contacted some of the authors for the original data to
further supplement the database [32–35]. For the data in figure, the software GetData Graph Digitizer
was used to extract the data. GetData Graph Digitizer [36] is a program for digitizing graphs and plots,
which is helpful to obtain original “(x, y)” data from graphs. Supported graphics formats included
TIFF, JPEG, BMP and PCX. Data can be extracted by simply setting the coordinate system and clicking
the objective data point. The software can zoom the figure to the pixel size, which ensured the accuracy.
The data were consequently classified into three types, i.e., original data, statistical indices, and data
extracted from figures, which are labeled as one, two, three, respectively, by a tag variable.
In addition to the isotope data, we also collected spatial and temporal metadata. The original
records of sampling location and time were preferred. However, exact sampling locations and time
of sampling were not always available from the papers. For example, about half of the data had
no accurate location information, a similar proportion of the data had a temporal resolution lower
than daily, and only statistical values were obtained for a large portion of the data (~7%). In order
to overcome this limitation, we used a coarse location/timing information where/when the research
was conducted as a proxy. For spatial information, the average coordinates of the study region
provided in studies or extracted from Google Earth or Wikipedia were adopted to obtain the sampling
location. For temporal information, the most specific time range provided in the papers was used
with a tag variable to describe the accuracy (i.e., one, two, three represent the time accurate to the
day, month and wider range, respectively), which can represent the available temporal resolution
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of the data. After adding the data extracted from our literature-based meta-analysis data, the GNIR
database was significantly extended as shown in Figure 2. The new database is online available at
http://www.thuwater.org/gnir-e, also available at Harvard Dataverse (doi:10.7910/DVN/XIJO5M).
Figure 2. Location of GNIR data and meta-analysis data. Original GNIR data and meta-analysis are
presented as blue points and red points, respectively. Sizes of the points represent amount of data.
2.3. Analysis on the Spatial Pattern of River Isotopic Data
With the extended isotope database, we carried out an analysis of the spatial patterns in river
water isotope signatures. Relationships between δ2H and δ18O values, and between isotopic values
and geographical or meteorological factors were analyzed using a statistical regression analysis. Here
we chose the ordinary least squares regression (OLSR). OLSR is the most widely used regression to
define the water line. Although different regression methods may result in different result [37], it is
found that when a good linear relationship exists, different regressions result in similar fit [38]. When
investigating the relationship between isotopic values and geographical or meteorological factors,
OLSR is also the normally used regression method (e.g., Zhao et al. [15], Kendall et al. [13]). Besides,
geographical and meteorological data are considered to have less error than isotopic data, so the OLSR
is suitable because it assumes there is no error on x-axis [39].
Considering the potential difference among different regions, the data had to be divided into
several groups prior to analysis. The regions were based on continents, and the completeness of land
and the homogeneity of data distributions had to be ensured for each region. Consequently, the data
was divided into six groups, i.e., Africa, Australia, China, Europe, North America and South America.
Asia was not chosen as a region because of the inhomogeneous distribution of data in Asia, with
regions such as Central Asia having a lot of data, while only extremely scarce data available in some
other regions, such as the Middle East. Besides, Japan and Southeast Asia do not belong to the same
mainland as other Asian areas. Covering a vast territory and having plenty of data with a dense spatial
coverage, China was considered as a region.
To conduct the regression analysis, point-scale average isotopic values and meteorological/
geographical data were determined. First, all of the locations collected from papers or GNIR were
considered as a site. For the site with more than 5 isotopic measurements, the arithmetic average value
of the data was used to represent the mean isotopic composition of this site. To take advantage of
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integration of different data source, the sites with lower than 5 measurements were gathered into 1◦ × 1◦
grids. For the gird with more than 5 measurements after integration, the arithmetic average value of
data within this grid was used to represent the mean isotopic composition. Such grid was regarded as a
site, and the center of grid was regarded as the location of the site. The subsequent analysis, including
interpolation and regression were all based on the map of point-scale isotopic values.
The data used to run the regression model includes meteorological data, i.e., the global raster data
of mean annual precipitation (MAP), mean annual temperature (MAT) [40], mean annual potential
evapotranspiration (PET), aridity index (AI) [41,42] and mean annual relative humidity (RH) [43], and
geographical data, i.e., latitude (LAT), longitude (LOG) and elevation (ELE) [44]. All the data were
extracted to the site described above to represent the point-scale average condition for regression. First,
we used LAT and LOG to describe the spatial patterns directly, deciding whether the distribution
characteristics are significant according to the P value, which quantifies the idea of statistical significance
of evidence [45]. In order to gain insights on the factors controlling the isotopic distribution patterns in
each region, and to predict the river isotopes with meteorological and geographical data, the variables
were combined in different permutations to conduct the multiple regression. The Akaike Information
Criterion (AIC) was used to rank the model and to select the best predictors. The AIC balances the
correlation coefficient and simplicity and can give an estimate of the quality of the regression model,
which has a fundamental impact in statistical model evaluation problems [46]. The model with the
minimum value of AIC is regarded as the best model which is the one with least complexity or highest
information gain. In this work the corrected Akaike Information Criterion (AICc) Equation (1) was
used because it is more applicable for the small samples [47].
AICc = AIC+
2k(k+ 1)
n− k− 1 (1)
where, k and n are the number of variables and samples, respectively, and AIC can be calculated by the
AIC function in Matlab.
2.4. Global Interpolation of River Water Isotopes
A global map of river water isotopes was generated based on the extended isotope database.
A water balance model based on geographic information developed by Bowen et al. [25] might
be an alternative method to conduct such work. However, accurate spatial information of sample
location was needed to get reasonable results, which is not available for about half of data points in
our study. Therefore, we adopted the modelling approach of Dutton et al. [24], which was mainly
based on the dependence of isotopes on environmental factors. Here, the best predictors for each
region selected according to AICc rather than latitude and elevation, which was used in the study
of Dutton et al., were used to establish empirical relation. The following process was done for each
region: (1) determining the dependence of isotopes on the best predictors; (2) applying the empirical
relation to the meteorological and geographical data based on these parameters; (3) mapping residuals
between the regression model values and observed values; (4) adding model value map and residual
map to generate a map of river isotopes for each region. Also, a global simplified interpolation using
Kriging method was conducted to determine the values for the regions which were not analyzed for
the best predictors as described in the previous section. After the regional maps were generated, they
were merged together to get a global map.
3. Results
3.1. General Characteristics of the Improved Database
A total of 17,015 measurements of O and H isotopes in rivers have been collected (Table 1) and
added to the original GNIR database that initially had 15,952 measurements (as of March 2017). Figure 2
shows that the spatial coverage has been significantly improved. Abundant information has been
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added to areas with little or no data coverage in the original GNIR database, especially for China, Japan,
Canada, Western Europe and Africa. As shown in Figure 3, the distribution of data along latitude and
longitude is similar, but some regions are supplemented significantly, such as 20◦ W to 0◦, 80◦ E to
100◦ E, 120◦ E to 180◦ E and 50◦ N to 80◦ N. For high latitudes, where sampling is extremely difficult,
data were also extracted from literature, such as for Antarctica [48], Greenland [49] and pan-Arctic
regions [30]. These new datasets provide a more complete picture of the global distribution of isotopic
compositions in river waters. While the GNIR database has data since 1966, the time-series of added
data is relatively short (Figure 4) because the studies selected in this research were all published after
2000. Nonetheless, the new database has more data after 2000, and thus can better represent the present
isotopic characteristic of river waters.
Table 1. Key information of the meta-analysis database. The amounts of measurements of each
temporal resolution and each data collection type are presented in the table.
Tag Variable Value Amount
Temporal Resolution a
1 9147
2 2372
3 5496
Data Type b
1 8000
2 1204
3 7811
a 1, 2 and 3 stand for temporal resolution of daily, monthly or longer time scale, respectively. b 1, 2 and 3 stand for
data collected using original data in the articles, using statistical indices from the articles, or extracted from figures
in the articles, respectively.
Figure 3. Data volume distribution of meta-analysis data and GNIR data along (a) latitude and
(b) longitude.
Figure 4. Time of GNIR data and meta-analysis data. Red circles and blue asterisks represent the
amount of meta-analysis data and original GNIR data in the year, respectively.
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3.2. Spatial Pattern of River Water Isotopes
The newly compiled database reveals a large range in δ18O and δ2H values in river water across
the world. δ18O varies from −42.3% to 14.75%, with a mean value of −10.59%. δ2H varies from
−340.85% to 58.84%, with a mean value of −78.00%. The Global River Water Line (GRWL) based
on the 24,939 measurements (excluding the measurements missing either δ2H or δ18O data) in the
compiled database is: δ2H = 8.03 (±0.01) δ18O + 8.59 (±0.13) (r2 = 0.956) (Figure 5a) close to the
relationship based on the original GNIR database: δ2H = 8.09 (±0.01) δ18O + 9.40 (±0.12) (r2 = 0.977).
The isotope data cluster plot near the Global Meteoric Water Line (GMWL: δ2H = 8δ18O + 10 [50],
and the observed correlation based on the GNIP database: δ2H = 8.14 (±0.02) δ18O + 10.9 (±0.2) [51]),
which indicates precipitation as an important source of river water. The distribution characteristics
of the meta-analysis data are similar to that of the original GNIR data, but more meta-analysis data
with δ18O values are less than −20%, which is a remarkable supplement that significantly expands the
range of the GNIR dataset. It is also noteworthy that after adding the meta-analysis data, the isotopic
distribution ranges of precipitation and rivers are more aligned, which is consistent with precipitation
being the main source of river water.
Figure 5. Relationship between δ18O and δ2H in river water (a) and precipitation (b) Points in red and
blue in (a) represent meta-analysis data and original GNIR data, respectively.
Water 2019, 11, 1760 9 of 24
The similarity between isotopes in river water and precipitation has been reported in many
published papers [13,17]. However, isotopes in river water and precipitation are not the same in every
respect. The distribution of the river isotope data appears asymmetric (Figure 5a)—best described as
‘imbricate’ (overlapping in sequence) by Kendall and Coplen [13], with river isotope distributions being
significantly different from those in precipitation (Figure 5b). The slopes of δ18O-δ2H relationship in
precipitation and river water are also quite different within a same watershed. The HydroSHEDS data
produced by Lehner and Grill [44] was used as the watershed boundaries. As shown in Figure 6, slopes
of precipitation have a range of 5.6 to 8.8, while the range of slopes of river water is much wider (3.9 to
10.5). Figure 7 shows the global distribution of the difference between slopes of precipitation and river
water. We can see that the watersheds where river line slopes are significantly lower than precipitation
line are mainly distributed in Africa, Australia, Canada, North Europe, South and Southeast Asia.
Such a distribution pattern can be partly attributed to the effect of evaporation. Most of the watersheds
with large slope difference are located in the regions dominated by high potential evapotranspiration
(e.g., Africa, Australia, South and Southeast Asia) or the regions influenced by lake (e.g., Great Slave
lake and Athabasca lake in Canada, Lake Onega in North Europe). However, because the slope of
river line is dependent on small-scale local processes or conditions [13], a good correlation between the
slope with a single factor is hard to find.
Figure 6. Slopes of δ2H-δ18O relation in precipitation and river water. Kp and Kr stands for slope of
δ2H-δ18O relation in precipitation and river water, respectively. Each point represents Kp and Kr of a
watershed. Red line is the 1:1 line.
The difference between isotopes in rivers and precipitation and the asymmetry of the river isotope
dataset can be due to several factors. First, climatic conditions are different among regions, which
can affect the isotopic composition and the slope during rainfall-runoff process. Second, river is a
mixture of precipitation and other compositions, which can bring different isotopic composition to
river water. Although other water bodies originate from precipitation as well, the isotopic composition
may experience modification due to fractionation of different extent when phase transformation occurs
(e.g., evaporation, transpiration, ice/snow formation and melting). Last, time scale also plays an
important role because several processes cause mixing of waters with different ages. For example,
preferential flow can result in young water infiltrating deeply into soils or rapidly contributing to
streamflow or aquifers [52]. Moreover, canopy rainfall storage by vegetation can cause rainfall mixing
with water retained from prior rain events [53]. Residence time of river water can be much older
due to contributions of old groundwater during baseflow [54], which causes damped isotopic signal
compared to precipitation [55].
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Figure 7. Global distribution of the difference between the catchment scale meteorological line and
river line. HydroSHEDS data was used as the boundary of catchments. Blank regions indicate there
are no sufficient data to calculate the slope of both lines.
Spatial patterns of the isotope values are analyzed using Moran’s test [56] based on the point-scale
average river isotope. Moran’s I for δ2H and δ18O are 0.45 and 0.51, Z = 102.5 and 114.2, respectively
(p < 0.01 for both), which means that the spatial distribution of river water isotopes is not random at
global scale. Figure 8 shows the spatial distribution of mean values of river water isotopes, where
individual point values are presented on the background colored using Kriging interpolation in ArcGIS
10.2. For comparison, the distribution of precipitation isotopes is shown in Figure 9. In general,
the two datasets show an increasing depletion from equatorial regions to higher latitudes, as well
as from coastal regions to inland regions in mainland areas such as Eurasia and North America.
Such patterns in precipitation isotopes are described as ‘latitude effect’ and ‘continental effect’ [57].
These effects are mainly due to the spatial distribution of climatic conditions and distances to the
moisture source [3]. Similar effects appear in the distribution of river isotopes because river is mainly
sourced from precipitation. Differences also exist between the spatial patterns of isotope signatures in
rivers and precipitation. The distribution of precipitation isotopes follows the latitude effect better,
appearing as zonal background color on the map, while the river water isotopes have a seemingly
more disordered distribution in some regions such as North America and China. This also indicates
the complex influencing factors that could affect runoff generation and flow concentration processes in
different regions.
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Figure 8. Global distribution of (a) δ18O and (b) δ2H in rivers. The values are overlaid on a background
generated from Kriging interpolation model in ArcGIS 10.2. Black lines in the map are the major
rivers [58].
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Figure 9. Global distribution of (a) δ18O and (b) δ2H in precipitation. The values are overlaid on a
background based on Regionalized Climatic Water Isotope Prediction (RCWIP) [19,23].
4. Discussion
4.1. Relationship between δ18O and δ2H in River Waters
The Global River Water Line shows that the river isotope values do not converge along a single
straight line. There are some branches that diverge from the main fitted line. This phenomenon
suggests that different river water lines prevail in different regions. The relationships between δ2H and
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δ18O in the six regions introduced in the methodology section are analyzed and the results are shown
in Table 2 and Figure 10. For comparison, the results of precipitation isotopes calculated from the
GNIP database are also presented. Different regions have similar Local Meteoric Water Lines (LMWL)
with their slope comprised in the range of seven to eight, i.e., close to the GMWL δ2H = 8δ18O + 10).
This complies with the anticipation that the LMWL will be close to GMWL once long-time series of
dataset is used for analysis [59]. However, significant differences exist among each group of river water.
In China, North America, Europe and South America, the Local River Water Lines (LRWL) are similar
to the LMWLs, while in the other two regions the slopes of the LRWL are much lower than those of the
LMWL. Low slopes of LRWLs are commonly associated with evaporation losses [15]. According to
previous studies, the extremely low slope of the LRWL in Australia (~4.4) is a result of evaporation at
an air humidity of around 50% [60].
Table 2. Relationship between δ18O and δ2H in precipitation and rivers in six regions. SA, AF, AU, EU,
NA, CN represent South America, Africa, Australia, Europe, North America and China, respectively.
Water Region Result
Precipitation
SA δD = 7.88 (±0.02) × δ18O + 9.72 (±0.14) R2 = 0.974
AF δD = 7.03 (±0.03) × δ18O + 8.12 (±0.14) R2 = 0.920
AU δD = 7.20 (±0.06) × δ18O + 8.52 (±0.28) R2 = 0.924
EU δD = 7.74 (±0.01) × δ18O + 6.13 (±0.09) R2 = 0.971
NA δD = 7.88 (±0.01) × δ18O + 7.24 (±0.21) R2 = 0.986
CN δD = 7.28 (±0.05) × δ18O + 3.97 (±0.47) R2 = 0.925
River
SA δD = 7.33 (±0.03) × δ18O +3.51 (±0.31) R2 = 0.974
AF δD = 5.66 (±0.08) × δ18O + 1.90 (±0.27) R2 = 0.892
AU δD = 4.40 (±0.12) × δ18O − 9.69 (±0.57) R2 = 0.770
EU δD = 7.82 (±0.02) × δ18O + 8.27 (±0.23) R2 = 0.963
NA δD = 8.14 (±0.01) × δ18O + 6.50 (±0.24) R2 = 0.954
CN δD = 7.22 (±0.05) × δ18O + 5.10 (±0.60) R2 = 0.909
Similar to the GRWL, the six LRWLs of each region also appear asymmetric, especially in Africa
and North America, where two isotopic regression lines exist (Figure 10). To discuss the cause of
bifurcation, the data points need to be classified into two subgroups based on δ2H-δ18O relation. The
classification should follow two requirements. First, the data points at the same station (or extracted
from the same paper) should be in the same group because of the similar hydrology processes. Second,
the data points in a group should cluster well around a line, meanwhile the line of two groups should
be significantly different. The data points near the intersection of two lines are difficult to group, while
the data points far from the intersection are easy to identify. Consequently, the data in the range far
from intersection (i.e., −10% to −5% for North America and larger than 0% for Africa) were picked
out to derive two different regression lines using least-squares fitting approach. Mean differences of
data at each station (or from each paper) from the two lines were calculated and compared to determine
which group the data should belong to.
Consequently, the data in these two regions can be divided into two groups (Figures 11 and 12).
In Africa, the groups with low and high slopes are located in the western and eastern part of Africa,
respectively. This pattern can be explained, to some extent, by the distribution of evaporation.
According to the PET data, Africa is dominated by high evaporation, which makes the slopes of both
groups much lower than 8. The obvious difference between the two groups is the climate of the river
source region. In Group 1, the data points mainly distribute in the Nile River Basin. The two main
tributaries, i.e., White Nile and Blue Nile, source from Rwanda and Lake Tana in Ethiopia, respectively.
According to Figure 10a, the potential evapotranspiration of these source regions is relatively low,
leading to a higher slope. In Group 2, the data points are mainly distributed across the Niger River
Basin, sourcing from the Guinea Highlands, where evaporation demand is intensive, causing the
slope of the LRWL extremely low. Other data points in Group 2 are distributed in South Africa along
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Zambesi River. According to the original papers, the data in South Africa were sampled at rivers
effected by lake or wetland (e.g., Lake Ngami [61], Mohlapitsi Wetland [62]), which causes significant
evaporation losses because of the wide water surface. In North America, data points in Group 2 are
mainly located near the continental divide, but only in the Northern US and Canada. As reported in
previous work [13], the samples with relatively low local slopes are mainly distributed in the Western
US, and the distribution exhibits correlation with topography or physiographic region. In Canada,
the data in Group 2 are mainly located at rivers effected by lakes, which are also reported in some
of data source papers (e.g., North Alberta effected by Mildred Lake [63], Baker Creek effected by
Pocket Lake [64]). These data with low local slopes consequently form a line with low slope on a
continental scale. But it should be noticed that the slopes of local line are not always consistent with
the slope of continental line. As an example, the local slope of Cross river is 8.63, but the data belong to
Group 2. Another exception is that the stations in Southwestern US generally have low local slope,
but they belong to Group 1. This indicates complex influence factors on the large-scale river water
lines, including both local processes and the spatial pattern of isotope compositions. Nonetheless,
as evaporation processes are the most significant modification on isotopes in rivers, the difference
between isotopes in precipitation and rivers should exist on all continent and their visibility depend
on the available data. Further work and more data are needed to better understand the difference of
LRWLs among rivers, watersheds or regions.
Figure 10. Relationship between δ18O and δ2H in river water in six regions. Black points represent the
δ2H-δ18O data points. Lines in red and blue represent the river and meteoric water line (RWL and
MWL) of the regions, respectively.
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Figure 11. Group of isotopic data in Africa. (a) Location of data points in Africa. (b) 2H-δ18O
relationship in Africa. Blue and red points stand for data points with high and low slopes, respectively.
Background of (a) is the annual potential evapotranspiration (PET) data from CGIAR-CSI [41,42]. Lines
in the map are the major rivers in Africa according to Naturalearthdata [58]. Stars in the map represent
the source regions of Niger, Nile and Zambezi.
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Figure 12. Group of isotopic data in North America. (a) Location of data points in North America.
(b) 2H-δ18O relationship in North America. Blue and red points stand for data points with high and
low slopes, respectively. Blue and green lines in the map are the major rivers and lake centerlines in
North America, respectively [58].
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4.2. Correlations between River Water Isotopes and Geographical Factors
Given that the spatial distribution of river water isotopes has specific patterns as shown in Figure 7,
the coordinates of data points are used to quantify the pattern. For comparison, the same work is also
conducted on precipitation isotopes based on the GNIP data. The data are divided into several groups
like in the previous section but with some revisions. First, each group of data must have a wide spatial
range so that a reasonable regression with geographical factors can be obtained. Australia is excluded
from the calculation due to poor spatial coverage. Besides, considering the pattern in two hemispheres
cannot be expressed in only one equation because of the different signs of the latitude, the regions
crossing the equator (Africa and South America) should be divided into two parts. Last, a minimum
amount of data is needed for the calculation of the regression, so that the regions with limited data
(<10) are excluded: the northern part of South America. Given that δ18O and δ2H have similar spatial
patterns, we only chose here δ18O to implement the regression.
Table 3 shows the fitted coefficient of latitude and longitude and r2 for the regression. For
precipitation, the ‘latitude effect’ is well reflected for mid and high latitude regions (China, North
America and Europe). However, in low latitude regions near the equator, there is no significant
correlation between isotope values and latitude, and a significant correlation between isotope values
and longitude can be found in South America instead. The ‘latitude effect’ is mainly a result of the
distribution of climate characteristics and distance from the moisture source. However, in low latitude
regions near the equator, it is close to the moisture source, and the climatic factors change relatively
indistinctively along latitude, so that there is no significant ‘latitude effect’. The correlation with
longitude in South America indicates the east-west direction change of moisture composition, and the
influence of Andes mountain could be another factor.
Table 3. Result of the regression analysis. Values in ‘Lat’ and ‘Log’ columns represent the fitted
coefficient of latitude and longitude. The symbols *, ** and *** indicate statistical significance at the
significance level of 0.05, 0.01, 0.001, respectively. Values in ‘R2’ columns represents the r2 values for
the regression.
Region Result
Lat Log R2
Precipitation
AF (N) −0.062 ** 0.007 0.150
AF (S) 0.039 0.041 0.164
SA (S) 0.059 0.160 *** 0.110
EU −0.207 *** −0.072 *** 0.495
NA −0.506 *** −0.022 0.827
CN −0.231 *** 0.072 * 0.441
River
AF (N) 0.017 0.139 *** 0.600
AF (S) 0.087 −0.477 *** 0.607
SA (S) 0.193 * 0.383 *** 0.435
EU −0.001 −0.043 * 0.030
NA −0.315 *** 0.026 *** 0.555
CN 0.319 *** 0.184 *** 0.392
For river water, conditions are similar in South America and North America, which indicates
the dominant role of precipitation on river water in these regions. According to the study of Kendall
and Coplen [13], river samples can be used as proxies for average rain composition in the US, this
finding may also be applicable in South America because of the similar significance and value of
parameters between precipitation and river water. However, it is quite different in Africa and China. A
significant correlation between river isotope and longitude exists in both North and South parts of
Africa. Three large river catchments, i.e., Niger River, Congo River and Nile River distribute along the
west-east direction, thus the correlation with longitude can reflect the significant difference among
these catchments. In China, according to the regression result, δ18O values have positive correlations
with both latitude and longitude. The positive correlation with latitude may violate the ‘latitude effect’.
The ‘anti-latitude effect’ occurring in China could be due to two factors. First, high altitudes can lead to
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extremely light isotopes in precipitation and surface water as a result of the strong negative correlation
between isotopic signatures and altitude [65]. In southwestern China, altitudes are extremely high
because of the Tibetan Plateau. However, there are few GNIP data points in the western part of China
with high latitude, thus the positive correlation between isotopes and latitude may not be identified
when carrying out the regression by only using GNIP data. That’s why the result of precipitation does
not show the ‘anti-latitude effect’. Second, the r2 of the regression with longitude (0.19) is much higher
than that with latitude (0.02), indicating that longitude is the major control factor on river isotopes in
China. This result is coherent with the fact that the major rivers in China are almost all flowing from
west to east, which could cause the change in isotopes along longitude. The regression model with
latitude and longitude is not suitable to describe the distribution of river isotopes in Europe as indicated
by the low r2, which may be a result of the East-west and North-South trending mountain ranges and
rivers, respectively. Generally, the correlation coefficients of multiple regressions are relatively low
when only using latitude and longitude, especially in Europe.
4.3. Correlations between River Water Isotopes and Meteorological Factors
As discussed in the above section, spatial patterns of river water isotopes are different in different
regions (the north part of South America is excluded because of the little data quantity). Meteorological
factors are used to build the regression model and gain insights on the controlling factors in each region.
The models with highest AICc, which are regarded as the best models, are listed in Table 4. The variables
in bold font are the behavioral variables used in more than three of the top five models in the region,
which are considered to be the main controlling factors or best predictors of the distribution pattern.
After using meteorological data, the performance of regression models is significantly improved. The
r2 values are all larger than 0.5.
Table 4. Summary of the result of regression models. The equation, AICc and r2 of the best regression
models of each regions are listed in the table. The bold font represents the behavioral variable which is
defined as being used in more than 3 of the 5 top regression models.
Region Equation a AICc r2
Africa (North)
δ18O = 0.167 (±0.017)
LOG −41.8 (±7.52)
AI +0.021 (±0.004) PPT
−1.26 (±0.48)
6.47 0.89
Africa (South)
δ18O = −0.885 (±0.136)
LOG +0.256 (±0.062)
RH +7.27 (±1.97)
9.20 0.78
Australia
δ18O = −0.007 (±0.003)
PET * −0.008 (±0.002)
PPT +8.63 (±4.58)
17.00 0.50
China
δ18O = 0.096 (±0.038)
LAT −0.002 (±0.0002)
ELE −0.008 (±0.001) PET
* −1.95(±2.32)
190.69 0.57
Europe
δ18O = −0.033 (±0.013)
LOG +0.096 (±0.027)
LAT * +0.375 (±0.021)
MAT −17.1 (±1.39)
68.58 0.65
North America
δ18O = −0.878 (±0.036)
LAT −0.006 (±0.0002)
ELE −0.611 (±0.047)
MAT +35.4 (±2.01)
641.12 0.82
South America (South)
δ18O = −0.010 (±0.004)
PET +1.248 (±0.199)
MAT −0.008 (±0.002)
PPT −4.30 (±4.34)
89.46 0.77
* The parameter is recognized as behavioral, but the coefficient is against the regular patterns as “latitude effect”
and “evaporation effect”. a LOG: longitude (◦), LAT: latitude (◦), AI: aridity Index, PPT: mean annual precipitation
(mm), PET: mean annual potential evapotranspiration (mm), MAT: mean annual temperature (◦C), RH: relative
humidity (%).
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The best models and predictors in different regions are also quite different, and some regular
patterns can be found. First, in six of the seven regions, coordinates (latitude or longitude) are used in
the best regression model, among which it is the best predictor in four of the regions (both parts of Africa,
Europe and North America). Coordinates reflect several factors such as distance from the moisture
source and temperature, which have a strong effect on isotopes. This regression model therefore
performs well in predicting the spatial patterns. The good performance of the coordinates-based
regression model relates to the significant influence of water source on rivers. The poor behavior of
coordinates in Australia could attributed to the small spatial range of data. Second, the variables
including elevation, temperature, precipitation and evaporation play important roles in all of the
regions. The effects of these variables on precipitation isotopes have been widely reported in previous
studies, i.e., “altitude effect”, “temperature effect”, “amount effect” and “evaporation effect” [3,13,64],
and the similar effect on river water also indicates the precipitation being main source of river water.
While other factors, i.e., aridity index and relative humidity, do not work well in most of the regions.
Thirdly, the signs of the coefficients do not always consist with the general effect described above. For
example, the isotopic composition should increase with temperature, but the coefficient of temperature
in North America is −0.611, less than zero. However, for most of the behavioral variables, the signs
consist with the effect, which can reflect the effect of environmental factors on isotopes. The exception
is latitude in Europe (0.096 > 0) and potential evapotranspiration in China (−0.008 < 0) and Australia
(−0.007 < 0). The positive coefficient of latitude in Europe is mainly due to the distribution of samples.
The samples in Europe are mainly distributed along the Rhine and Danube. Rhine flows from south
to north thus the samples along Rhine cause the spatial variability along latitude, and the positive
correlation is a result of isotopic enrichment due to evaporation along the flow path. In China and
Australia, the positive correlation between isotope and potential evapotranspiration can be identified
as expected when the simple linear regression is conducted. But when the variables are combined,
the correlations with a single variable are not always same with that of simple regression because
they are not independent with each other. Lastly, some single variables which have good correlations
with isotopes may not perform well when multiple regressions are conducted, which is also a result
of interactive effects. For example, in China, river isotopes have relatively well correlated with
temperature, with r2 value of 0.27, which is larger than that of evaporation (0.096), but the model with
temperature is only the second top model of the region, and temperature is not a behavioral variable
like evaporation. This is due to the strong linear relationship between temperature and evaporation
(r2 = 0.70), which makes temperature unnecessary to improve the performance of the model on the
basis of evaporation. This might be a disadvantage of the multiple regression method. To reach the
best simulation result, the regression equation may loss physical mechanism.
Based on the best predictors and regression models, a global map of isotopes in river water is
generated (Figure 13). This map is similar with the Kriging map to some extent, but it can better
describe some local pattern in regions with few data points because of the application of relationship
between isotopes and other parameters. Comparing with the simple Kriging map, the regression-based
map can better describe the low isotopic value in Andes Mountain, and the south-north direction
decrease tendency in Australia, as reflected in the RCWIP map. Another two notable differences
between two maps are in Brazil and Patagonia. The Kriging method produces high values of δ18O
in central Brazil and lower values in coastal regions but the pattern is reversed in the regression
map. Similarly, the Kriging method produces low values in Patagonia but the regression method
produces a west-east direction increasing trend. As previous studies have indicated that river isotopic
compositions can preserve large-scale isotopic signatures in precipitation [13] and the RCWIP allows
for an a priori prediction of isotopic composition in rivers [17], the similar pattern produced by RCWIP
map (i.e., the higher values in central Brazil than coastal regions and the west-east direction increasing
trend in Patagonia) may indicate better behavior of regression map than Kriging map in some regions.
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Figure 13. Global map of δ18O in rivers. The values are overlaid on a background generated by
regression-based interpolation method. Black lines in the map are the major rivers [58].
But the regression map also has its limitation. First, it might magnify the spatial variability in
the regions where the spatial coverage of data is poor such as Australia, because the value within the
whole continent will be determined by the data within a much smaller region. Second, the regression
analysis is conducted in each region separately, and the global map is an integrate generated by splicing
regional maps together, so there might be discontinuity values at the boundary among regions, i.e.,
China and the surrounding region, the equatorial zone in Africa. This is just a first attempt to map the
global isotopic pattern of river water, and a primary benchmark for further research on river isotopes
is established. More data are needed to verify and develop this map.
5. Conclusions
This study is the first attempt to provide a global coverage of river isotopes building on the GNIR
database and a meta-analysis method by collecting isotopic data in rivers from published articles. It
provides an unprecedented opportunity to analyze the global distribution features of stable isotopes in
river waters. The results demonstrate that the pattern of isotopes in rivers is significantly different from
that of precipitation. The relationship between δ18O and δ2H appears asymmetric, different from the
flatter ellipse produced by isotopes in precipitation. Bifurcation of LRWL can be observed in Africa and
North America, indicating the effect of evaporation, especially the evaporation of wide water surface
in lake or wetland system. Based on a multiple regression model with geographical factors, spatial
patterns of isotopes are different in different regions. Using meteorological data, a regression model
can well predict the distribution of river isotopes, but the best models and predictors are different
among regions. This work presents the first global river isotope map and establishes a benchmark for
further research on isotopes in river.
Although the GNIR database is significantly improved, there are still regions with few data (e.g.,
Russia, the northern Australia). The results presented in this paper are quite speculative because they
are extremely dependent on the available data, which is the most significant shortage of this work, and
more data are needed to provide a more complete knowledge of isotopes in river across the word.
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